Modern manufacturing systems require timely and efficient production tasks. Any mistakes can have serious consequences which effect the production process obviously. The supply of goods is the beginning of the production process, ensuring that production can proceed normally. Using mobile robots for transportation and supply of production lines can achieve automatic manufacturing. We studied the use of multiple mobile robots to supply multiple production lines. Robots need to return to warehouse when no goods exist. This problem is called a multi-mobile robots and multi-trips feeding scheduling problem. We constructed a mathematical model describing multi-mobile robots and multi-trips feeding scheduling problem, and the objective function is to minimize the transportation cost and waiting cost. To solve this problem, we proposed an improved hybrid genetic algorithm, where a strategy of mixing improved genetic algorithm and tabu search algorithm is adopted to find robots with reasonable routes. Combining genetic algorithm with tabu search algorithm can improve the route planning effect and find a lower cost solution. In the experimental part, it is verified that the proposed algorithm could effectively find reasonable ways for robots to provide services. We also put forward suggestions for the scenarios of using robots in actual production.
Introduction
With upgrading of technology and increasing demand from customers, the manufacturing system is moving toward a more reliable and intelligent direction. In today's manufacturing systems, there are high demands for automated loading and unloading of goods and automated processing production tasks. Using automated mobile robots has gradually become a trend. The use of robots not only allows fewer errors to occur but also satisfies the requirements of manufacturing. Mobile robots are self-moving, with embedded batteries and manipulation arms that can carry goods and perform many types of tasks. Mobile robots can load goods required by production lines from warehouse, transport it, and feed goods to production lines after reaching the designated location. When a robot has no goods, it needs to return to warehouse to reload goods. The amount of goods that each robot can carry is fixed, which means that the number of feeding tasks that a robot can provide is limited. Each production line has been in the process of production. Continuous production of supplementary goods is only carried out within the certain range of the existing goods on the production line. This process satisfies the characteristics of the (s, Q) inventory system. The multi-mobile robots and multi-trips feeding scheduling problem (MMRMTFSP) is a challenging and realistic planning problem to match mobile robots' movement and the process of feeding goods with production process of production lines.
The MMRMTFSP asks multiple mobile robots to load goods needed in production lines at warehouse. After the loading process is completed, the warehouse will arrive at the production line at a given time, and goods will be fed for production lines. In the (s, Q) system, the production line has a limit on the need to add goods, and when the quantity of goods on production lines is below the limit, goods need to be added. Adding goods to production lines cannot be later than when there are no goods on production lines. The range of arrival limit and quantity of goods in each production process constitutes an available time window, while the time to reach the limit is release time, and the time when the quantity of goods is 0 is due time. The time selection of the robot transport is particularly important. The mobile robot can arrive earlier than the release time. If it arrives in advance, the robot needs to wait for a while. But the robot cannot arrive later than the due time, which will cause the production process work improperly. Every time the robot feeds the goods for the production line, it is boxed, and each time you add the goods, you can do it all at once. When goods carried by the robot can no longer continue to be feed into the production line, the robot needs to return to the warehouse to re-add goods. Each robot can add goods to multiple production lines according to its own tasks, which will result in multiple trips. In the MMRMTFSP, it is necessary to plan the number of robots used to perform the transport and feed processes in the production process over a period and the time from warehouse to provide the location where the next transport arrives after goods are delivered once.
Research on mobile robots' route and feeding planning is an area that has gradually emerged in recent years. Early researchers tried to build classic models to describe this problem. The feeding scheduling problem with a single robot was first described as an asymmetric traveling salesman problem (ASTP) problem and proved to be NP-hard. Dang et al.
1 proposed a heuristic-based genetic algorithm to solve the problem of a single mobile robot part-feeding planning. Mosallaeipour et al. 2 analyzed the mobile order of mobile robots, used decision toolbox to provide decision support for enterprises, and proposed a sequential part production matrix to determine feasible robot move strategies. Kats and Levner 3 considered the problem of a mobile robot with m machines providing services, and a robotic mobility scheme including two cyclic is designed. Dang et al. 4 constructed a mathematical model of mixed integers for mobile robot route planning problems, minimizing travel time as an optimization goal. Giordani et al. 5 proposed a two-level decentralized multi-agent system and obtained the mobile robot route scheme through the multi-agent method. Buccieri et al. 6 studied the transformation of contextual description into knowledge, using knowledge to improve the work of mobile robots, and improving the efficiency of mobile robots to perform tasks. Cárdenas et al. 7 used the fuzzy logic theory, and the trajectory of the mobile robot is optimized in the dynamic model of the mobile robot. Liu et al. 8 studied the mobile robot planning problem that can provide multiple services and analyzed the difficulty of single-capacity cache robots for scheduling. Flushing et al. 9 studied the task assignment of mobile robot team, data routing, and road transmission problems and considered the task and actual data transmission within the scope of planning and scheduling. Booth et al. 10 solved the problem of single-robot task planning using mixedinteger programming method and constraint programming method. Research of this kind of problem has certain similarities with satellite mission planning and flight scheduling, and related research can be used as a reference. [11] [12] [13] In the existing research, there is limited research on the supply of raw materials for multi-robots to the production line, and the waiting cost of the robot to reach the production line ahead of the time window is not considered. This article will consider the above two aspects in the meanwhile and study the multi-trips feeding scheduling problem of mobile robots which is more suitable for actual production.
The main contribution of this article is to construct the mathematical model of MMRMTFSP with the objective of minimizing transportation cost and waiting cost and to analyze the difficulty of solving this problem. An improved genetic algorithm based on the characteristics of the problem is proposed. Our proposed algorithm can effectively solve the planning problem. The impacts of the number of tasks, the ability of the robot to carry goods, and the location of the warehouse on MMRMTFSP were analyzed.
The structure of this article is as follows. In the second part, a mathematical model will be constructed for MMRMTFSP, and the assumptions and constraints of the problem will be given. The solution method of MMRMTFSP will be given in the third part, including a mobile robot route build algorithm (RBA) and an improved hybrid genetic algorithm (IHGA). The fourth part will verify the algorithm proposed in this article. In the last part, the conclusions of this study and the further research directions will be given.
Model building

Description of MMRMTFSP
Before giving a mathematical model of the MMRMTFSP, an easy-to-understand description of the problem is given in the form of a language. There are several mobile robots that are responsible for supplying original goods to multiple production lines in the production hall. All robots start from a common starting point at the beginning of the production. This starting point is called warehouse. Each time a robot adds original goods to a production line, it can meet the amount required by the production line in the next stage of production. It takes a certain time for a robot to add goods to a production line. This time is called service time. Due to the differences among production lines in the production plant, the time required to supply original goods is also different. Periodic lack of goods and periodic replenishment of production lines create need for mobile robots to rationally plan to replenish original goods for production lines. Every mobile robot starts from warehouse and needs to arrive at a production line after a certain period of time.
If it is within a time window, that is, the production line needs to replenish original goods to maintain normal production, goods will be replenished immediately. If it arrives earlier than time window, the mobile robot needs to wait until the time to start execution is allowed. Waiting will cause the robot to consume energy and generate waiting costs. If it is later than time window, production line cannot add goods, which is not allowed for the production process. Therefore, it is necessary to rationally plan routes of the mobile robot to provide original goods and minimize the cost of mobile robots in the process of providing goods while ensuring normal production of production lines. For mobile robots, cost includes two parts, one is transportation cost of transporting goods, and the other is waiting cost before time window when robots arrive at production lines. Total costs can be divided into two categories according to the starting time and the end time of transportation, from warehouse to a production line and from a production line to warehouse. Robot can supply goods for one production line, or it can continue to deliver goods after moving to another production line after supplying goods for one production line. When goods carried by a robot cannot be satisfied and continue to ensure normal production of production lines, the robot needs to return to warehouse to refill goods. Process of filling goods also takes time, which is called preparation time. Scheduling for mobile robots from warehouse to production line services, moving between multiple production lines, and returning to warehouse without goods are the problems that MMRMTFSP needs to solve.
Mixed-integer programming model
For mobile robots feeding scheduling problems, Dang et al. 14 and Liu et al. 8 respectively constructed mathematical models. 8, 15 The mathematical model of MMRMTFSP we constructed draws on the mathematical models of the first two studies and improves on the proposed problems. This section will present a mixed-integer programming model to determine the availability of multiple robots to deliver goods to multiple production lines. Some basic abilities of the robot and the production workshop are given in advance. Robots no longer simply serve a production line, and if they carry enough goods, they can continue to serve other production lines. Based on the mixed-integer model, an IHGA will be used for MMRMTFSP to plan a reasonable route for mobile robots.
In this section, assumptions, variables, objective functions, and constraints are given separately.
Assumption.
1. Each time a mobile robot provides services, it can meet the production needs of the next stage of the production line. 2. Time at which the mobile robot loads and feeds the goods is known. 3. Each robot can serve one or more production lines. 4. Distance between warehouse and production lines and that between each production lines are known. 5. Before the start of planning, the number of all goods on the production line is the largest.
Notations. T is the set of tasks. Where, when the task number is 0, it indicates that the mobile robot is at the warehouse location; M is the set of mobile robots; R is the set of routes; r i is the release time of task i; d i is the due time of task i; p i is the periodic time of task i; f ik indicates robot k is in the feeding time of task i. When in the warehouse, the working time is w 0k ; t ij is the traveling time of robot from the position of task i to the position of task j; c i is the part-feeding rate to machine of line i; u i is the maximum level of parts in line i; v i is the minimum level of parts in line i; Q m is the maximum amount of goods carried by robot.
Decision variables : When it is determined that the robot k is assigned a start time of the i-th task, the waiting time before the start of the (i þ 1)-th task can be calculated by calculation, as shown in formula (1)
is the waiting time of the robot k for performing task i. Calculation of production line time window can follow the calculation method of Liu et al. 8 because it also follows the (s, Q) inventory policy. The calculation formula of the time window is shown as follows
Objective function. Minimize the sum of transportation cost and waiting cost of all mobile robots in the planning space, as the objective function of the mixed-integer programming model, as shown in equations (5) and (6) Objective function :
Constraints. Constraints describe the conditions that mobile robots need to be met to maintain normal production of the production lines.
Constraints :
x ij kl 2 0; 1 f g; 8l 2 R; 8i; j 2 T ð13Þ
Constraints (7) and (8) represent the time requirements for starting the task, and the execution task must be performed within the scope of the execution. Constraints (9) and (10) define that all mobile robots are in the warehouse position during the initial phase. The constraint (11) guarantees that each feeding operation is only allowed to be executed once. The constraint (12) indicates that the mobile robot cannot exceed its own capacity limit during transportation. The constraint (13) is a description of the range of values of the variables.
The MMRMTFSP is a very complicated issue. This is because every feeding job has a strict execution time range. It is necessary to wait too early to arrive at the production line and will not be able to provide service later than when the time window arrives. The ability of each robot is also limited, and the intelligence carries limited goods, which means that the number of services that can be provided is also limited. If there is no cargo, the mobile robot can only return to the warehouse to load the goods. These reasons make the problem have many possibilities for execution. The ideal robotic action plan can only be found using efficient optimization algorithms.
Methods for MMRMTFSP
Algorithm overall process MMRMTFSP proposed in this article uses an IHGA, which combines the improved genetic algorithm with the tabu search to optimize the task sequence for performing the feeding. The RBA is used to construct a legal service route for the IHGA, to meet the working needs of the production line, and to calculate the cost of the mobile robot within the overall scheduling time range. The overall flow of the algorithm is shown in Figure 1 .
When this algorithm needs to generate an initial solution, RBA* is used to construct a route. After reaching the usage threshold of RBA*, RBA is used directly for full routes construction, and tabu search algorithm is used to try to improve the task execution scheme. Use large populations for global optimization and small population local optimization. A variable for recording the dynamic population operation is l, and finally the mobile robot moving route is outputted when the termination condition is satisfied. RBA will be introduced in the "Route build algorithm" section. The "Improved genetic algorithm" section describes the improved genetic algorithm. Tabu search will be introduced in the "Tabu search" section.
Route build algorithm
Route structure refers to time for robots to select appropriate travel time, arrival time, time to provide service for the next node, and time to return to the warehouse. This is the same as the vehicle routing problems with time windows (VRPTW) construct path. 15 Route structure mainly includes two types of sub-contents, one is the route structure containing warehouse and the other is route construction from one production line to another.
Route structure containing warehouse is defined as RB 0 , which is divided into travel from warehouse and return warehouse. When the production line number in the route structure is 0, it is represented as a warehouse. When starting from the warehouse, we should minimize waiting time after the mobile robot reaches the production line. Therefore, you should just arrive at the production line at the release time of the production line and start the feeding work directly. In this way, the mobile robot does not need to wait for a period of time before starting service for the first time. The return of mobile robots from the production line to the warehouse is divided into two situations. One is that the goods carried by the robots have been used in the production of the production line, and it is unable to continue to serve other production lines and needs to return to the warehouse to refill the goods. Another situation is that all production lines can guarantee normal production within the scheduling time range, no need to feed the goods again by the robot, and the robot needs to return to the warehouse.
Route from one production line to another is defined as RB 1 . The reason for this process is relatively simple. When the mobile robot can still continue to provide services after providing service to one production line, it moves from one production line to another. When determining the starting point and ending point of the movement, the cost is fixed because the mobile robot has a cost in either the transportation or the waiting process. For a certain movement, the transportation cost is fixed. The mobile robot waits for a strict limit on the production line time window of the mobile end point, and after determining the route, the waiting cost can also be determined by calculation. The pseudocode table of the path construction algorithm is shown in Algorithm 1.
To cooperate with the IHGA optimization process, we propose a route construction method for RBA*. This is a special RBA method. Different from the general RBA method, RBA* specifies the number of times each mobile robot provides services to the production lines. When the mobile robot reaches the upper limit of the number of services, it will return directly to the warehouse or it can continue service. The benefit of using this RBA is to facilitate the comparison of the impact of the combination of two different production lines on cost. Using the RBA* approach can be a good choice for individuals with more advantages in the early stages of IGA optimization.
Improved genetic algorithm
Genetic algorithm is a search algorithm that utilizes the evolution principle of population in biology, but the population improvement of basic genetic algorithm is not targeted, and the adaptability to many problems is poor, and the search efficiency is not high. 16 This article proposes an improved genetic algorithm that satisfies the need of MMRMTFSP solution by improving the basic genetic algorithm. In the following, the main contents in the improved genetic algorithm will be introduced separately.
Coding. Before coding the genetic algorithm, we first need to number feeding jobs. Tasks' numbers are grouped according to different production lines, and the number of each task is sorted according to the order of the task time windows in each group. The coding we use maps each task directly to the allele of the individual. Each allele represents a feeding task. The advantage of this coding method is that the genetic length of each individual in the genetic algorithm is equal to the length of the task sequence, and no additional decoding processing is required.
Initial solution generation. Generation of the initial solution directly affects subsequent process of optimization improvement. Initial solution is obtained in a heuristicbased approach. This heuristic-based approach sorts according to the time of production lines' feeding jobs.
To increase the diversity of population, we only identified the first feeding job, the 25%, 50%, and 75% of feeding jobs, if these positions are not integers (depending on the number of feeding jobs), rounded up way to determine, the other feeding job order is generated in a random way. By generating an initial solution in this way, the search space can be reduced.
Dynamic population strategy. Dynamic population strategy as an improved strategy of basic genetic algorithm can effectively improve the population improvement. Dynamic population strategy refers to dynamically adjusting the population size in the genetic algorithm according to the optimal performance of the genetic algorithm. A large population size can search for feasible solutions in a wide range, but there may be repeated searches, and search efficiency is not high, or performance is not good. Especially when the task size is large, the search is easy to be inefficient. When the population size is small, the search efficiency is high. However, it is easy to optimize the process only in the local space, only to achieve better results in the local range. Dynamic population strategy is a hybrid strategy that considers both large-scale population global search and small-scale population local search. A schematic diagram of a mixed dynamic population is shown in Figure 2 . The blue arrow indicates a two-stage transition of the search process.
Firstly, large-scale populations are used for global search and improvement. When the performance of the optimal individual in the large-scale population search for several generations of populations still does not improve, a small-scale population local search is started. Small-scale populations look for better individuals in a localized range. Similar to large-scale population optimization, when smallscale population search for several generations of optimal individuals still does not improve, it returns to the largescale population optimization process, which is counted as a stage of optimization. After that, continue the same optimization process as the previous stage. After several stages of improvement, optimization will achieve a better performance, but if this stage of evolution continues, it is difficult to further improve. Therefore, when the stage threshold l max is reached, only small-scale populations are used for optimization, instead of large-scale population optimization.
Adaptive crossover. In the improved genetic algorithm, we propose a new way of crossing, called adaptive crossover. Adaptive crossover allows the algorithm to choose the crossover mode autonomously through the performance of different crossover modes. There are three crossover modes in the adaptive crossover, one is the intersection of single gene fragments, the middle-length gene fragments are crossed, and the long gene fragments are crossed. Single gene crossover refers to the exchange of only two genes in all gene fragments, as shown in Figure 3 . Crossing a gene fragment causes a portion of the individual gene to be replaced from one location to another, as shown in Figure 4 . Arrows in the figure indicate changes in gene position. The length of the allelic fragment of the medium-length gene fragment crossover is between the first two crossover operations.
The choice of crossover method is similar to the adaptive search method 17, 18 The three crossover modes have scores of q 1 , q 2 , and q 3 , respectively. When a crossover operation is selected, the score p 1 is increased if the cost of the individual is lowered, and the score p 2 is increased if the cost is not changed, and the score p 3 is increased if the cost is increased.
According to the new score, new weights ! 1 , ! 2 , ! 3 for each cross operation are obtained. Adaptive selection is determined based on the specific gravity of the crossover operation in all cross operations. The weight calculation formula is as shown in equation (14) !
Adaptive operation can make the improved genetic algorithm autonomously select the crossover operation that is more conducive to improve the performance of the population according to the performance of different crossover modes. This crossover method can achieve a better level of optimization faster.
Mutation. Mutation is also an important part of improving genetic algorithm. Probability of mutation is much lower than crossover. Mutation helps individuals in population to change the original gene structure and obtain a new genetic structure, so that individual's performance reaches a new level. In task sequence, mutations are made by exchanging one allele in one individual with another allele. Selected alleles are determined by random numbers, that is, the probability that each task is selected to perform mutation operation to change position is the same.
Tabu search
Tabu search is a classic heuristic rule. 19 Hybrid strategy of combining tabu search and genetic algorithm can effectively prevent genetic algorithm from falling into the situation of repeated search. This is similar to Solomon's use of tabu search for VRPTW, and Solomon uses tabu search to construct an initial solution. 20 We use tabu search as a means of searching for further improvements in genetic algorithms. Our tabu search and genetic algorithm processes are coordinated. Genetic algorithm obtains a new generation of populations and performs multiple search improvements. The starting point for search improvement is set to be in the top position gene segment after adaptive crossover. A total of two optional locations have been designed, depending on whether you are searching forward S or searching backward S ! . Selecting search direction is determined by a random number between [0, 1], and if the random number is between [0, 0.5], search for the forward position is adopted. If the random number is in the range of (0.5, 1), search is performed to the latter position. When it is determined that search is performed to the front position, the task at the foremost position in the gene segment is selected as the search start point. In the position search, the search starts from the task in the last position of the gene segment. In order not to reduce the efficiency of the improved genetic algorithm, tabu search only takes no more than three steps from the starting point forward or backward, that is, three task ranges.
When a better individual is obtained by searching for lower robots' transportation and waiting cost, the latest neighborhood structure is recorded in the tabu table. This means that the next time such a neighborhood structure occurs, the positional relationship between the tasks saved in the tabu table will be discarded. When there are multiple records in the tabu table in the search process, the neighborhood structure is deleted from the tabu table, and population individuals can adopt the neighborhood structure.
Using tabu search to improve the individual performance of the population, while providing services for mobile robots to reduce costs, it does not fall into local optimization and is difficult to jump out like local search, which can balance the optimization process well. 21 IHGA is formed by a combination of tabu search and improved genetic algorithm.
Experimental analysis
We have fully designed in the experimental part, which includes different types of tasks, different robots carrying goods, and warehouses in different locations. To verify the applicability of algorithm for different experimental scenarios and to propose a reasonable design of production lines, mobile robots, and warehouses. The proposed algorithms are implemented by Matlab2017a on a desktop with Core I7-7700 3.6 GHz CPU, 8 GB memory, and Windows 7 operating system. We have chosen a local search (LS), two heuristic algorithms: nearest production line position priority (H1) and farthest line position priority (H2).
First, we compare algorithm planning effects under different task scales. Results are presented in Table 1. T1, T2,  and T3 in the table represent 10 tasks, 20 tasks, and 30 tasks, respectively. Two search algorithms were run 30 times respectively, and the respective average and optimal values were taken as comparison criteria. In the three scenarios of T1-T3, mobile robots obtained by IHGA provide the lowest cost. Moreover, advantages of the algorithm become more apparent as the number of tasks increases. This reflects that our proposed algorithm is more suitable for scenarios with larger task sizes, because the IHGA can better find better solutions from search space when search space is larger. After that, we consider the impact of different warehouse locations on the performance of algorithms under 10 tasks. Results are presented in Table 2 .
In Table 2 , L1 indicates that the warehouse is located at the left-numbered production line, L2 indicates that the warehouse is at the middle position, and L3 indicates that the warehouse is located at the right-numbered production line. It can be seen from the experimental results that when there are 10 tasks, the warehouse is located in the middle position, which can save the cost of the service provided by the robot. And when the warehouse is on the right side, the cost is the highest. We also compared the choice of warehouse locations in 20 tasks situations to make it more reasonable. L4 indicates that the warehouse is on the left side, L5 indicates that the warehouse is in the middle, and L6 indicates that the warehouse is on the right side. As can be seen from Table 3 , when the warehouse is located on the left side, the cost incurred is the lowest. Compared to results of different warehouse locations under 10 missions, the choice of warehouse location has a greater impact on results. At the same time, the choice of warehouse location is more obvious for the other three comparison algorithms. We also compared the planning performance of different warehouse locations with a task number of 30. Results are shown in Figure 5 .
As can be seen from Figure 5 , when the number of tasks is 30, the choice of warehouse location has a significant impact on the result. L7 indicates that the warehouse is on the left side, L8 indicates that the warehouse is in the middle, and L9 indicates that the warehouse is on the right side. Similar to the situation of 20 tasks, cost is the lowest when the warehouse location is closest to the left. Secondly, it is in the middle position, and the highest cost is that the warehouse is at the rightmost position. It can also be seen in the figure that performance of LS is better than that of the other two heuristic algorithms in the L7 scene, and performance in L8 and L9 is not ideal. This shows that after the task size is increased, the search space will make the neighborhood search easy to fall into local optimization situation, and it is difficult to get a lower cost scheme. After discussing the impact of warehouse location, we also compared the impact of mobile robots with different cargo carrying capabilities on the planning results. In this experiment, the number of tasks is 10, and warehouse was in the middle position. Results are presented in Table 4 .
In Table 4 , C1-C4 respectively indicate that each robot can carry two to five units of goods. It can be seen from results that when robots' ability to carry goods increases, cost of service provided by robots shows a trend of decreasing first and then rising. When a robot carries four units of goods, the cost is the lowest.
After that, we verified genetic algorithm parameters in IHGA. Genetic algorithm has the most important impact on optimization results, because route construction and tabu search are based on the task execution order generated by this algorithm. In genetic algorithm, crossover and mutation are important evolution processes of population, and this process directly affects the final optimization effect. We first compare optimization effects of different crossover probabilities. Results are shown in Figure 6 .
In Figure 6 , we designed four experiments with crossover probabilities of 0.95, 0.9, 0.85, and 0.8. Among four crossover probabilities, the crossover probability of 0.9 yielded the best optimization results, followed by the crossover probability. It is 0.85, followed by an optimization result with a crossover probability of 0.95. The highest cost is the task execution plan with a crossover probability of 0.8. It can be said that in the case of 20 tasks, it is more desirable to set the crossover probability of 0.9. After that, we compare effects of different mutation probabilities on mission planning results. Experimental scene settings and crossover probability are designed identically. Results are shown in Figure 7 .
Mutation probabilities are set to 0.1, 0.05, and 0.02, respectively. As can be seen from the results of Figure 7 , under 20 task scales, mutation probability value setting of 0.05 is the most appropriate. The second best performance is the result of a mutation probability of 0.1. Optimization result with a mutation probability of 0.02 is the worst. We conducted several experiments on different task scales, different warehouse locations, different robots, different mutation probabilities, and crossover probabilities. Based on the above experimental results, our proposed algorithm can effectively solve MMRMTFSP. Moreover, IHGA algorithm is more advantageous in the case of a larger task scale. This reflects that dynamic population strategies and adaptive crossover are more suitable for large-scale applications. IHGA can be used well in actual production process to guide mobile robots in planning the feeding of goods for production lines.
Conclusion
This article studied a route planning problem of using mobile robots to feed goods in production lines in real production. Different from previous research, our MMRMTFSP involves multiple robots, each of which can provide multiple services for production lines within its capabilities. To solve this problem, we constructed a mixed-integer programming model. The difficulty of this type of problem mainly comes from the fact that each production line has strict time limits for providing goods to maintain production and the ability of a robot to carry goods.
To effectively solve MMRMTFSP, we propose an IHGA. This algorithm combines improved genetic algorithm with tabu search algorithm and uses tabu search algorithm to further improve the task execution scheme obtained by genetic algorithm. In the improved genetic algorithm, we used dynamic population strategy and adaptive crossover to improve the performance of genetic algorithm. Through simulation experiments, we can see that our proposed algorithm can effectively solve this planning problem of mobile robots providing goods for production lines and provided guidance for the design of warehouse location, the number of tasks, and the choice of robots. It has a good practical application prospect.
In future research, we will have more capable robots, such as robots that can assist with some planning problems in production process. Meanwhile, artificial intelligence adopted into the mission planning process is also a focus of our next research. In addition, a multi-robots collaborative framework and online scheduling of multi-robot realtime response are also a possibility of research. In this case, task execution plan of mobile robots can be adjusted in time according to actual production situation to ensure that production process is not affected by unexpected situations.
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